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ABSTRACT 
BACKGROUND: The amount and intensity of individuals’ activities are related 
to latent chronic diseases and the aging process. In order to better understand 
this relationship, a method to obtain accurate information about individuals’ 
patterns of activity in their natural environments is needed.  
An algorithm developed at Boston University represents a potential 
improvement over commercially available activity monitors by utilizing 
frequency (cycles/second) to identify over ground gait and pedaling. Two studies 
were conducted to evaluate the validity of this movement analysis system in a 
real-life environment and then investigate the consistency of individuals’ 
locomotive behavior across weekdays of the same week. 
METHODS: In Study 1, 16 older adults performed a battery of functional 
  vii
locomotive activities in a residential setting while wearing the monitoring system 
on their ankle and being video recorded for reference. Algorithm output 
regarding gait and pedaling variables was statistically compared to the video 
analysis of the same using intraclass correlation coefficient (ICC).  
In Study 2, 227 older adults wore the monitoring system continuously for 
one week. Daily gait and pedaling values were correlated across weekdays of the 
same week using ICC.  Differences in gait variability by age, gender, and BMI 
subgroups were also examined. 
RESULTS: In Study 1, three of the four gait variables were significant (p ≤ 0.019); 
ICCs ranged from 0.267 to 0.778. All pedaling variables had ICCs ≥ 0.993 
In Study 2, all 6 daily gait variables significantly were correlated (p < 
0.001) across 3 weekdays; ICCs ranged from 0.534 to 0.914. Three of four ICCs for 
pedaling consistency variables were significant (p ≤ 0.029) ranging from 0.277 to 
0.838. Results of analyses on gait variability differences across subgroups (age, 
gender, and BMI) revealed significant differences on each variable in at least one 
of the subgroups. 
CONCLUSIONS: Results support the ability of the analysis system to identify 
gait and pedaling. Results also demonstrate that aspects of daily locomotive 
behavior remain relatively constant over weekdays during the same week.     
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GLOSSARY 
accelerometry: pertaining to the use of accelerometers/accelerometer data 
 
bout:  ≥ 5 continuous seconds of a locomotive/pedaling-valid movement 
cycling: lower extremity cyclical movement in bouts of ≥ 5 continuous seconds as 
typically seen when riding a bicycle; includes these movements when pedaling 
on a stationary cycle as well  
criterion validity: the degree of agreement between the results obtained by the 
given instrument and more "objective" results of the concept or indicator for the 
same population. 50 
gait: includes both over ground walking and stair climbing45 in bouts of ≥ 5 
continuous seconds 
Jerk Magnitude Vector:52 JMVi =  where x, y, 
and z are accelerometer axes data. 
locomotion: any form of bipedal movement resulting in whole body translation 
relative to the environment 
micro-electrical-mechanical system: the electronic equivalent of a mechanical 
pedometer. 
 
(xi − xi − 1)2 + (yi − yi − 1)2 + (zi − zi − 1)2
  xiv 
pedaling: lower extremity cyclical movement in bouts of ≥ 5 continuous seconds 
as typically seen when riding a bicycle; includes these movements when 
pedaling on a stationary cycle as well  
Power Spectral Density: is the Fourier Transform of the autocorrelation function 
of a signal. (Jul 16, 2013. Nirav Desai · Institute of Electrical and Electronics 
Engineers)  
sensitivity:48 (statistics) = true positives/ true positives + false negatives 
shuffle-walking: to move (one's feet) along the ground or floor without lifting 
them. 
Signal Magnitude Area52: SMA =  ∑ JMV	
 j  
specificity:48 (statistics) = true negatives/ true negatives + false positives
  1
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INTRODUCTION 
“Physical activity is a broad term used to define any bodily movement 
produced by skeletal muscles that results in energy expenditure.”1 People’s 
levels and types of physical activities have been a focus of research for many 
years.  The amount and intensity of peoples’ activities have been shown to be 
related to latent chronic diseases and the aging process.2, 15 The more sedentary a 
person becomes, the greater the risk of developing diseases like obesity, diabetes, 
osteoporosis and coronary heart disease (CHD). Because these conditions are 
more naturally prevalent in older adults, this population is particularly 
susceptible to the ill effects of low activity levels.  
The amount of walking and its parameters (e.g. steps, distance, speed) 
have been shown to be an indicator of a person’s functional health.16, 17 Cycling is 
another form of locomotion as well as exercise in this country that is even more 
common in Europe. The activity of pedaling/cycling promotes health and may 
also prove to be an indicator of functional heath (especially if the cycling is for 
locomotive/functional purposes). Hence, being able to accurately and reliably 
monitor people’s physical activities, cycling and walking in particular, would be 
of great value in medicine today. Accurate information about people’s patterns 
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of activity in their natural environments would go a long way toward 
understanding the relationship between types/levels of activity and health. 
Gait research to date has been conducted primarily in research 
laboratories or in clinical settings and has focused on parameters such as speed, 
step counts or step frequency (cadence), often as they are performed in straight, 
10–20 meter protocol-dictated trials.  These parameters as they would occur in 
real-life are under-researched. For instance, what is a person's average stepping 
frequency through the course of his/her natural day? Other parameters that have 
been minimally reported on include the number of walking bouts a person 
typically engages in during a day or the average number of steps a person takes 
with each bout of walking. These parameters are informative descriptors of 
people’s real-life activity behaviors and are the ultimate target of activity 
monitoring research.  
Previous real-life activity research has relied on fallible measures such as 
self-report or relatively simple instruments such as mechanical/electronic 
pedometers, which only record step counts.5, 6, 7,12, 20 Self-reporting of activity has 
been found not to be a very valid or reliable method59, 60and a monitor that 
derives its results from more than an accumulation of threshold acceleration 
signal events could give a more detailed and diverse description of the activity. 
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A measure that focuses on another aspect of locomotion activity such as a step 
frequency offers information such as step cycles per bout or average number of 
cycles across all bouts. In recent years monitors that function by targeting 
frequency of steps have been researched64 although no such monitors are 
commercially available. 
There are a variety of ways to measure physical activity and identify 
specific activities including accelerometry, which, in recent years, has seen 
substantial technological advances allowing for more diversified and accurate 
activity assessments. An accelerometer records acceleration trajectories over 
time.  The majority of accelerometer/inertia-based sensors in the industry 
function on piezoresistive/ electrical principles where a miniature mass-spring 
system sensitive to inertial changes produces signals that reflect these changes.2 
The data acquired by the accelerometer is typically uploaded to a computer and 
analyzed with an algorithm that extracts the time series data and produces a set 
of descriptors regarding the activity. Today these sensors are, in general, the size 
and weight of a wristwatch. Accelerometer-based sensors have been used to 
assess activities in research laboratories and now, because of their portability and 
the minimal intrusiveness of the technology, the research can extend into 
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peoples’ homes and communities.2 
Accelerometer-based activity monitors can produce activity recognition 
output in a variety of ways depending on the operational algorithm utilized. 
There are different kinds of detection algorithms based on various features of the 
data used and type of information sought.  For gait detection, the majority of 
commercially available accelerometers are best described as electrical 
pedometers. Each step/acceleration event (e.g. heel strike) is registered and 
counted, similar to the discrete event counts performed by a mechanical 
pedometer. However in accelerometers the purely mechanical mechanism of the 
pedometer is replaced with a micro-electrical-mechanical system (MEMS) that 
transforms the mechanical jarring of the miniature mass-spring system in the 
accelerometer into an electrical signal registering a “count.”4 Although these 
electrical pedometer-like devices are more reliable5, 6 and less likely to break 
down due to wear and tear than their mechanical counterparts, they still only 
record data describing the time series of discrete (on/off) acceleration events.  
Activity identification with these devices/algorithms is accomplished by 
analyzing the patterns in these discrete event time series. The accelerometers in 
some monitoring systems also act as inclinometers by using sensed angles of 
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selected body parts for activity identification. For instance, the angle of the trunk 
would logically be useful for whole body posture identification,2, 22 and angles of 
the arm segments could be used to identify reaching activities. 
 The algorithm developed for the studies included in this dissertation 
identifies activity through a movement-pattern specific approach targeting 
specific movement-related events as they are defined in the time series of the 
kinematic and kinetic variables measured during the activities in question. For 
example, walking and pedaling are both cyclical movements, but can be 
distinguished from each other in large part because the heel strike event of the 
gait pattern does not exist in a pedaling movement. It should be noted that 
climbing/descending stairs tends (accurately) to be classified as gait, but no 
distinction between walking over-ground on a flat surface and climbing or 
descending a set of stairs is made at this time by the identification algorithm 
under study here. Monitors functioning strictly on a counts basis will have 
difficulty distinguishing between over ground walking and cycling, which have 
similar acceleration properties. By implementing a movement-pattern specific 
system, the algorithm under study is very different from those used in today’s 
commercial monitors such as Fitbit® or Jawbone®, 23, 24 the majority of which 
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function on a “counts” basis as well, and those relying on the detection of limb 
angles.  
The algorithm under study targets the frequency of steps/second and 
cycles/second for the identification of gait and pedaling respectively. Step 
frequency is largely a biomechanics-dependent characteristic of gait and 
therefore a key component in the algorithm's determination of gait. The specific 
qualities and circumstances of a foot-strike and a foot push-off, such as the 
relative timing and amplitude, are distinct to a walking pattern and are also part 
of the gait identification criteria. Although the frequencies targeted by this 
algorithm for the identification of both gait and pedaling are the same, pedaling 
does not have the qualities of a foot-strike and so a distinction between the two 
can be made based on this movement characteristic. 
Another popular accelerometer data analysis approach, and also a 
component in the method selected for use in the two studies reported here 
(Figure 1), involves combining continuous acceleration data from all 3 
movement-related orthogonal axes in ways that can distinguish specific 
activities.  
First the 3-D raw acceleration data from the accelerometer is loaded into 
Matlab (Mathworks, Natick MA), and each component is calibrated to the 
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gravity axis (sampling frequency, Fs = 80 Hz). A time series of the data is 
generated. In terms of analyses, the y-axis on the accelerometer used in these 
studies is the one that best aligns with gravity when the accelerometer is placed 
on the ankle in standing posture (Figure 2).  These raw signals are preprocessed 
at this point. To eliminate noise outside the frequency range where human gait 
movement occurs (0.5 – 1.5 Hz), the data is filtered using a second- order 
forward- backward low-pass Butterworth filter.  
As part of determining the level of activity, it must first be determined 
that the monitor is being worn. Perhaps the device is turned on but sitting on a 
table instead of on a person.  A “not worn” status is defined when, for any 30-
minute interval, the following two conditions are met: 1) the sum of squares of 
the acceleration data from the 3 axes lies between 0.9 – 1.1gn; and 2) the standard 
deviation from each axis signal is less than 0.003gn.  
Once it has been determined that the monitor is being worn, the level of 
activity is categorized as either static activity (as seen in lying, sitting or standing 
quietly) or dynamic activity (as in transitioning between these postures or 
walking, etc.). This categorization is done using the Jerk Magnitude Vector (JMV) 
of the time series data. The JMV is calculated7 using the data from all three axes 
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of the accelerometer in 1s intervals, is proportional to the jerk vector and is equal 
to:  
JMVi =    
Finally, the Signal Magnitude Area (SMA), the area under the JMV time 
series curve data, is calculated by the equation below for adjacent, non-
overlapping 1-second intervals, where Fs is the accelerometer’s sampling 
frequency: 52 (See Figure 3, bottom panel) 
SMA = ∑ JMV	
 j 
 The determination of static vs. dynamic activity is made for each of the 1-
second intervals using a threshold decision criterion equal to 0.2 for the SMA 
data. If the SMA result determined by threshold and duration criteria is that the 
status of the monitor is static activity, this is its final label/category. If it meets the 
criteria for dynamic activity, the analyses continue to determine if the data meet 
the criteria for gait or cycling (pedaling).   
The determination of gait or pedaling, both cyclical activities, is 
accomplished using Power Spectral Density (PSD) analyses on the y-axis, which 
will detect the frequencies of the data.  Because the y-axis is the most 
closely/consistently aligned with gravity, it shows the greatest differences in 
(xi − xi − 1)2 + (yi − yi − 1)2 + (zi − zi − 1)2
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acceleration changes in a locomotion time series and power spectral density 
analysis. The default PSD function in Matlab is  [Pxx,F] = 
PSD(X,NFFT,Fs,WINDOW) where [Pxx,F] = the output, NFFT = 2048, WINDOW 
= 2048, Fs = 80, was used to estimate the PSD.  X (input) was zero-padded as 
needed. Pxx length = NFFT/2+1 for NFFT even, (NFFT+1)/2 for odd. Only the 
even components were used for gait analysis. To be classified as locomotion, the 
activity must be ≥ 5s long (to allow for at least 3 stride/pedaling cycles). Two 
frequency peaks are required to identify gait; a dominant frequency of 0.5– 2.5 
Hz (stepping frequency; from heel strike to toe off of the same leg/second) and a 
secondary spike equal to one half of that (stride frequency: from heel strike to 
heel strike of the same leg/second) is used to identify gait. (See Figure 4) A 
pedaling PSD analysis on the y-axis, however, will have only one dominant spike 
because there is no heel strike. The pedaling frequency range criterion is also 0.5–
2.5 Hz (See Figure 5). 
If either gait or pedaling is identified, the algorithm computes the various 
targeted parameters associated with them based on the frequencies detected.  
The category unidentified dynamic activity contains any activity interval that does 
not fall into gait or pedaling criteria. For the purposes of the studies included in 
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this dissertation, only the results pertaining to locomotion/pedaling were used.   
The two dissertation studies both involve older adults. The first study 
examines the validity of the monitoring system, essentially a tri-axial 
accelerometer and a set of algorithms, to detect locomotion activity of older 
adults in a natural context. The second study investigates the consistency of 
locomotive activity (bipedal gait or cycling) in this age group across 3 separate 
days of independent living in the participants’ home and community settings. 
An investigation of the differences in gait variability across subgroups of age, 
gender, and BMI was also conducted.  
There is a functional rationale for targeting older adults in the present 
studies. As previously reported, a decrease in activity is a particular concern for 
older adults who are at risk for diseases related to the aging process.  A 1994 
study41 found age differences between certain gait parameters of 20–40 year old 
adults and 60–80 year old adults.  Younger adults had significantly longer stride 
lengths and faster walking speeds than the older adult group. A consistent 
finding is that in general, daily step counts tend to be significantly lower for 
older adults vs. younger adults.36, 37 Step counts, cadence and other time related 
gait variables are the targets of the present studies. 
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Given that current accelerometer technology has the potential to provide 
valuable data on movement, it is of paramount importance to establish the 
validity of such data in real life environments. Various accelerometer-based 
activity monitors have had their validity and reliability well established in 
laboratory/semi-naturalistic settings with use of gold standard comparative 
measures such as video recordings and motion capture systems.2, 8, 9, 10 However 
the current studies examine the validity of the accelerometry measures using a 
real life setting in the first study and data on real life locomotive behavior in the 
second study.  
OVERALL PURPOSE OF THE STUDIES 
The present studies will contribute important evidence on a relatively 
novel approach to the field of activity monitor technology. The studies will 
provide evidence on the validity of an algorithm to detect locomotion, including 
pedaling and over ground gait, of older adults living independently in the 
community in a real life setting (Study 1), and will investigate the consistency of 
locomotive behavior of older adults living independently in the community 
(Study 2). 
 
 
  13
STUDY 1 
THE VALIDITY OF AN ACCELEROMETER-BASED ACTIVITY 
MONITORING SYSTEM 
INTRODUCTION 
Examination of an accelerometer-based activity monitor’s overall 
effectiveness begins with establishing its validity. The validity of an instrument is 
the degree to which the instrument measures what it intends to measure.21 In the 
field of accelerometry-based activity monitoring there are a variety of data 
processing methods such as decision tree classifiers, instance based learning 
(IBL), decision tables, and naïve Bayes classifiers that are used to construct an 
activity monitoring algorithm.  Regardless of the method the algorithm uses to 
classify an activity pattern, the particulars of its path (e.g. decision thresholds, 
analysis window durations) to achieve classification are uniquely written for that 
algorithm’s specific purpose. Thus, each technique used to analyze the 
acceleration data must be validated on its own.  Criterion validity, indicated by 
the degree of agreement between the results obtained by the given instrument 
and more "objective" results of the concept or indicator for the same population, 
50 is an essential requirement to establish the accuracy of a monitor.28 The gold 
standards for establishing criterion validity in the field of activity monitoring are 
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video and motion capture data. Video recording was chosen for the current 
study. The present study was conducted in a home setting to strengthen the 
application of the accelerometry findings from the structured protocol to data 
derived from movement in a real life environment.  
Among the various ways that an algorithm can perform its activity 
identification function is the one chosen for this study: the decision tree 
classification method.  This method is analogous to using a hierarchically 
structured flow chart. For example, decision tree classification is used in 
identifying cancerous vs. non-cancerous tumors following an “if-then” hierarchy 
concerning coarseness, contrast and busyness characteristics of a PET image of 
an abnormal anatomical head/neck growth.51 Studies have shown this method to 
be > 80% accurate for the detection of walking and of postural configuration in 
laboratory 25, 30and in semi-naturalistic settings.25 
Other data processing techniques that have been used for this purpose 
include25 decision table, 33 instance-based learning32 (IBL or nearest neighbor), 
and naïve Bayes classifiers.31 In 2004 Bao et al.25 compared these data processing 
techniques for the detection of functional activities and found the decision tree 
classification method to be the most accurate. Bao et al. also looked at algorithms 
  15
that are user-specific trained vs. those that are non-user specific trained.  The 
authors’ conclusion based on their investigation was that algorithms that are 
trained for a specific user might be more accurate than those that are designed 
for general use without training. However, Aha et al.32 investigated the 
effectiveness of instance-based learning technique, a method utilizing only 
specific training for identification, and concluded that IBL does not maintain 
abstractions from the training used to identify activity for a specific individual 
for later use. Additionally, Aha described the accuracy of this method as 
degrading as the data noise level during training increases. The authors 
commented that the degradation is comparable to that of the noise-associated 
degradation experienced using decision tree classifier methods. User specific 
training is not a focus of these proposed studies and therefore, based on the 
study of Bao et al., the decision tree classifier method was selected as the optimal 
choice for what this study set out to accomplish. 
From a movement pattern-specific perspective, the choice of body location 
for optimal accelerometer measured activity depends on the targeted activity. It 
could be logically argued that the best location to measure locomotion activities 
and parameters involves the body part(s) providing the locomotive force. For 
example, the legs perform most of the dynamically relevant motions involved in 
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gait, while the arms may be a better site to detect the propulsion involved in self-
powered wheelchair locomotion. A study29 investigating the accuracy and 
reliability of an algorithm to measure the gait parameters of people with 
hemiparetic stroke and healthy controls used accelerometers on the participants’ 
ankles. Walking speeds and step counts were highly correlated (0.98 and 0.99 
respectively p = 0.001) between stopwatch-timed observer-recorded values and 
those measured from the accelerometer data. While it has been shown that 
locomotive activity can be detected with an ankle-worn sensor25, there has only 
been one study67 attempting to detect both pedaling and over ground gait by 
older adults using only an ankle-worn sensor, as the present study has done. In 
2013 Mannini67 et al investigated the leave-one-subject-out validity of an 
algorithm for an ankle-worn accelerometer-based system in a semi-naturalistic 
setting for ambulation and cycling. This type of detection method allows the 
algorithm to “learn” the activity of all but one participant then evaluates the 
activity of that participant based on what it has learned.  
The algorithm under study here does not rely on “learning” to detect 
activity; it is consistent for each/all participant(s). Mannini et al. used previously 
collected acceleration data from a Stanford University study of 33 participants 
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(11 male, 22 female) ages 18–75 years old who each wore an ankle accelerometer 
while performing 26 laboratory-based and simulated daily activities, each of 
which contained at least 30-seconds of continuous, “steady-state” data falling 
into one of 4 categories: 1) sedentary (i.e. typing, sitting, standing still, reading), 
2) walking (on ground, on treadmill, carrying an object, stairs), 3) cycling (indoor 
and outdoor) and 4) other activities (sweeping, painting with a roller or brush). 
The test data was “cleaned” so each evaluation was made on data consistent with 
what it was labeled as. Also to insure “steady state” data, 12 seconds at the 
beginning and the end of each activity labeled dataset was removed to eliminate 
any variability during activity transition. The pre-evaluation goal for researchers 
in creating their datasets used for the study was to make datasets that had a 
continuous flow of whatever the labeled activity was. If it was walking 
overground, there was to be ≥ 30 continuous seconds of walking without 
stopping or changing the activity. No “multi-tasking” was allowed in any trial 
with the exception of carrying a load while walking. The overall accuracy rates 
found in the Mannini et al. study, using the leave-one-subject-out statistical 
analysis for the detection of walking and pedaling, were > 0.90. The present 
study involves vacuuming, walking with a cane, activities that require going 
in/out through doors, and shuffle-walking as part of the trial protocol. 
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The present study also differs from the Mannini et al. study as there was 
no “screening” of the data used for evaluation. The evaluations in the present 
study were made on each participant’s complete trial; whatever occurred during 
the trial (i.e. stopping to open a door) was a part of the evaluation. Additionally, 
the activities in the present study contained many that were < 30 seconds in 
duration and no “steady state” criterion was imposed. Considering the results of 
the study by Mannini et al., the results of other related studies,15, 20 and the 
natural-setting of this investigation, the ICC criterion acceptable for the present 
study was set at > 0.80.  
In addition to correctly identifying walking or pedaling when it does 
occur, assessment of validity also includes verifying that the algorithm does not 
identify walking or pedaling when it does not occur. These characteristics 
describe the sensitivity and specificity aspects of validity.48 
Sensitivity= true positives/ true positives + false negatives 
Specificity= true negatives/ true negatives + false positives 
To examine these characteristics, the protocol for this study involved typical 
everyday activities that should not be identified as gait or pedaling (false 
positives) such as sitting (except when pedaling), standing (except during gait), 
lying down or transitioning to/from these postures. On the other hand, there are 
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a variety of patterns of gait that should all be correctly identified as instances of 
gait. Some people shuffle their feet when they walk, others use assistive devices 
such as canes, which may influence a gait pattern. Despite this variety of 
movement forms for walking, all such forms should still be correctly identified as 
gait. Thus participants in this study were asked to both shuffle and walk with a 
cane during the trials.  The study also investigated how a hybrid activity (e.g. 
vacuuming, which consists of back and forth “sweeping” movements with the 
vacuum cleaner interspersed with short intervals of stepping/locomotion while 
standing), is classified based on the algorithm’s operational definition of gait.   
Did the algorithm consider this as gait or an unidentified dynamic activity? To 
this end, each participant was asked to vacuum a room during his/her trial.   
In summary, the purpose of the present study was to investigate the 
validity of a single, 3-D accelerometer-based activity monitor worn on the ankle 
in detecting locomotion according to a variety of locomotive parameters such as 
number of steps, number of gait bouts, total gait duration, step frequency, 
number of pedaling bouts, total pedaling duration and pedal frequency in 
healthy, independent living older adults in a real life setting. Existing literature 
for accelerometer-based activity monitors reports related gait parameter validity 
correlations generally 0.7– 0.9.8, 9, 13, 64, 65, 67 Sensitivity of accelerometric gait 
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identification has been generally > 0.80.9, 67 There is only one published validity 
study67 pertaining to accelerometric detection of cycling/pedaling. Given the 
cycling validity results from this study and the pedaling movement’s shared 
cyclical characteristic with gait, trial expectations were set in alignment with 
those set for the gait results in the present study. The specific research questions 
were:  
Question 1: Can gait be accurately detected with a single monitor in a home setting? 
The algorithm will be judged acceptable if the correlation (ICC) between the 
video recording of targeted activities and the algorithm’s determination of the 
same is > 0.80. The algorithm’s sensitivity and specificity for correctly identifying 
gait within the activities performed will each be > 0.90 
Question 2: Can pedaling be accurately detected and distinguished from walking and 
stair climbing? 
This function of the algorithm will be judged satisfactory if the correlation (ICC) 
between the video recording of targeted activities and the algorithm’s 
determination of the same is > 0.80. The algorithm’s sensitivity and specificity for 
correctly identifying pedaling within the set of activities performed will each be > 
0.90 
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METHODS 
PARTICIPANTS  
The variables targeted in this study have largely not been researched with the 
exception of stepping frequency40, 42(cadence) and number of daily steps.37 The 
variability of these parameters in the literature, which is pertinent to sample size 
determination, 28 was used to help establish the planned sample size45 with a 
confidence level of 95%. Using a relative standard error of 0.316 based on the 
standard deviations of the mean number of steps/day in 10 studies, 37 a sample 
size of 16.67 subjects was calculated.45 A sample size calculation using the 
variability of stepping frequency was not used as there was such a small 
standard error (0.0135) that it resulted in a sample size recommendation of < 2.  
Another consideration in determining sample size was the published research46, 
47on walking detection, which is closely related to this study’s targeted variables.  
These studies were conducted with 5 and 6 subjects. A conservative number 
based on all of these considerations was used.  
A convenience sample of 16 participants was recruited from the Braintree, 
MA (PI’s resident town) community using fliers and investigator contacts. All 
participants were: 
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• independent in functional mobility without an assistive device, including 
walking, climbing stairs, pedaling and functional transfers; 
• at least 50 years old; 
• without history of neurological, cardiovascular, or orthopedic condition 
which may affect any aspect of their functional mobility; 
• able to provide informed consent and follow instructions regarding 
movement/mobility. 
INSTRUMENTATION  
The accelerometer used to record the raw acceleration data for each participant’s 
trial was the GENEA (Gravity Estimator of Normal Everyday Activity) 
accelerometer (Unilever Discover, Colworth UK). The GENEA is a ± 6g seismic 
triaxial sensor (LIS3LV02DL; STMicroelectronics, Geneva, Switzerland) 36 x 30 x 
12 mm in size that weighs 16g.  The GENEA, with 500 MB of memory, can store 
approximately 8 days of continuous raw data at 80 Hz sampling frequency with 
12-bit resolution before it requires recharging and data transfer.3 In a 
validity/reliability study3, the waist-worn GENEA’s classification accuracy 
according to the area under a receiver operating curve (ROC) was 0.95. 
Additionally, using a mechanical shaker table, the GENEA showed excellent 
technical reliability (CVintra = 1.4%, CVinter = 2.1%) and validity (r = 0.98, p < 
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0.001). One GENEA accelerometer was used for each participant. The GENEA is 
commercially available and was used according to manufacturer’s specifications.  
PROCEDURES 
Operational definitions: 
• Locomotion: any form of bipedal movement resulting in whole body 
translation relative to the environment 
• Gait: includes both over ground walking and stair climbing45 in bouts of ≥ 5 
continuous seconds 
• Cycling/pedaling: lower extremity cyclical movement in bouts of ≥ 5 
continuous seconds as typically seen when riding a bicycle; includes these 
movements when pedaling on a stationary cycle as well  
• Bout:  ≥ 5 continuous seconds of a locomotive/pedaling-valid movement 
All study trials took place at the PI’s residence so as to have the research 
done in a home setting (albeit not the participants’ home settings) rather than a 
clinic setting.  For example the activities were conducted using a couch, living 
room, kitchen and resident neighborhood rather than a treatment setting, plinth 
and tiled hallways.  Participants were asked to engage in a series of activities in a 
common order (see Appendix A). A second person, briefed in the activity 
procedures and study and using a Canon VIXIA HF R400 digital camera, video 
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recorded the participant’s performance of the protocol for study reference 
purposes. Participants were given time to practice shuffle walking and to 
acclimate walking with a height-adjusted straight cane in their dominant hands, 
which were two of the protocol’s activities, before the video began. Video 
recording began when the sensor was activated and strapped around the 
participant’s right ankle, just on top of the lateral malleolus and aligned with the 
axillary midline in anatomical standing with a strap provided by the study. This 
position was chosen because of its direct relevance to the locomotive movements 
targeted in the study.  Synchronizing the time display of the video camera with 
the internal clock mechanism of the GENEA sensor was accomplished using a 
protocol-dictated abrupt stomp-like movement of the right leg by the participant 
to mark the start of the recording. The same marking movement used to begin 
each trial also concluded each trial. While video recording the participant, the 
activity events were recorded/documented in the sequence outlined in Appendix 
A. The protocol sequence includes ~5 minutes of pedaling on a Pro Form 940S 
stationary exercise cycle. 
DATA ANALYSIS 
The acceleration data acquired from the GENEA accelerometer was 
uploaded to a PC and processed with MATLAB. The algorithm analyzed the 
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time series representation of the data (as described earlier) in MATLAB to 
produce output regarding the targeted variables: number of steps, number of 
gait bouts, total gait duration, step frequency and pedaling variables; number of 
pedaling bouts, total pedaling duration and pedal frequency. Using decision tree 
classifier data processing techniques on each participant’s accelerometer data, the 
algorithm identifies targeted parameters of gait from a battery of outlined 
activities.  The algorithm produces its step output by multiplying the number of 
detected strides the right leg performs for a given bout of walking by two. 
Because the monitor is attached to the right ankle only, it cannot account for the 
behavior of the left leg; the left leg behavior is assumed to mimic the right thus 
producing an output of 2 steps for every right leg stride detected. To judge how 
accurate this assumption was in real life, the algorithm output was also 
evaluated against the video raters’ interpretation of actual right and left leg 
movements. In real life, a person may finish a walking bout with the right leg. 
The algorithm would overestimate the number of steps in such a walking bout 
by 1 step.  Similarly, a walking bout may not start with a right step but with a left 
step instead.  The algorithm would then function -1 step. 
The interpretation of targeted events from the video was made manually 
by two trained independent raters using the Datavyu (Databrary New York, NY) 
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software. Datavyu is software that allows the marking of events in a video with a 
timestamp. The two assessments were correlated to examine accuracy and then 
averaged for the reference output.  The raters evaluated the videos twice for each 
subject; for the strides taken with the right leg only and for steps taken with both 
the right and left legs. Documenting was performed by the raters making a 
mouse-click over a toggle that corresponded to the observed step’s heel strike on 
the video being played through the Datavyu video software. This process was 
performed as needed throughout each participant’s entire trial video and 
separated into the 11 activities described in the trial protocol; 1) stand-to-lying 
(on couch), 2) lying-to-stand, 3) vacuuming (2 rooms), 4) short walk to front 
stairs, 5) descend 5 stairs, 6) walk with cane to and into exercise room, 7) mount 
exercise cycle, 8) pedaling (2 bouts separated by 5 – 8 seconds of not pedaling), 9) 
dismount exercise cycle, 10) shuffle walking x 30 seconds then walk down 
resident street and return to front stairs, 11) ascend 5 stairs through the front 
door entrance to standing next to the couch. The targeted parameters were then 
calculated. 
After time synchronization, values of the targeted variables as determined 
by the algorithm were compared with those produced by the video assessments 
using the intra-class correlation statistic (ICC). Formula (2,2) was applied because 
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correlated assessments were made using the same algorithm and each video 
assessment is an averaged value.18 In SPSS, a 2-way random model for absolute 
agreement ICC was used because these were averaged evaluator assessments.  
All statistical analyses were performed using IBM SPSS 19. 
RESULTS 
 See Table 1 for participant demographics. 
 A significant, solid association was found between the evaluators and the 
monitoring system’s right leg assessments for Total Gait Duration in the 
complete trial protocol. Only the ICC for Total Gait Bouts was not significant. 
(See Table 2). 
 After observing that the vacuuming activity appeared to be particularly 
difficult for the algorithm to assess, additional exploratory analyses were 
undertaken to try to understand these results. For Total Steps in all bouts of 
walking, the ICC values increased notably once the activity of vacuuming was 
removed from consideration.  With the elimination of vacuuming, the ICC for 
each of the gait activities variables increased by an average of 0.243.  (See Table 3)     
Comparing the vacuuming activity to another activity in the trial protocol, 
the Total Gait Bouts ICC for the 2-minute vacuuming activity was 0.047 and not 
significant, yet the Total Gait Bouts ICC for the ~1.5 minute streetwalking activity 
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was 0.630 and significant (p = 0.023). The ICC for Step Frequency during the 
streetwalking activity was 0.898 and significant (p < 0.001) and for the 
vacuuming activity the ICC was 0.03 and not significant (p = 0.295).   
An investigation into the agreement between the video raters’ assessments 
of the variables in the activities of the protocol revealed that there were low 
video evaluator inter-rater ICCs for Gait Bouts (0.329, p = 0.033) and Gait 
Duration (0.486, p = 0.002) associated with the vacuuming activity. Only the 
inter-rater ICC for Total Steps (0.659, p < 0.001) while vacuuming suggested a 
moderate association between the evaluators’ assessments. The ICC for Average 
Step Frequency was 0.240 but was not significant (p = 0.231). In contrast, the 
inter-rater ICC for the variables in the streetwalking activity were all > 0.920 and 
significant (p < 0.001). The inter-rater ICCs for walking with a cane outside to the 
exercise room activity were all > 0.80 except for the number of Gait Bouts, which 
was correlated 0.674, and all were highly significant (p < 0.001). The highest 
inter-rater ICC for both the cane walk and street walk activities was Total Steps, 
0.870 and 0.947 respectively (p < 0.001). 
 The ICC comparison between the evaluators' and the monitoring system's 
right and left leg assessment yielded results similar to that of the right leg only in 
that the ICCs for Total Gait Bouts were not significant and only Total Gait 
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Duration approached ICC > 0.800. (See Table 2) 
Three of the pedaling activities variables had strong, significant 
correlations (See Table 4). There was one false positive pedaling bout from all 16 
participants detected by the system but that was not enough to be statistically 
relevant.   Except for this one false positive, the system and the video evaluators 
agreed 100% with the number and occurrence of all 32 bouts of pedaling 
performed. 
Both sensitivity (test for false negatives) and specificity (test for false 
positives) for detecting gait in the activities of the protocol were 0.87.  In terms of 
detecting pedaling in the protocol activities, sensitivity was 1.00 as no false 
negatives occurred.  The system’s specificity for detecting pedaling in the 
activities was 0.99; one false positive was detected during the vacuuming activity 
for one participant.  
DISCUSSION 
The ICC between the system and video evaluations for Total Gait 
Duration, considering all the activities of the trial protocol with the right leg 
acceleration data, was very close to the criterion of > 0.80.  This finding provides 
good evidence of the validity of the algorithm’s to detect gait regardless of 
variations in the type of gait performed (e.g., walk; use cane).  
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The algorithm had the greatest difficulty in assessing gait during the 
activity of vacuuming. The algorithm's primary gait assessment tool is the 
power-spectral density analysis detection of a dominant acceleration frequency 
and all of the other variables’ values are derived from it. Steps are a product of a 
stepping frequency and its duration. Vacuuming in a real-life home setting 
typically consists of short duration walking bouts of varying and continually 
changing step frequencies, intensities and directions. It is conceivable that the 
algorithm's performance (primarily the detection of a dominant frequency) is less 
than optimal under the specific conditions of an activity like vacuuming because 
the continually changing step frequencies and short durations are more 
susceptible to larger effects of activity acceleration noise.  Whereas the typical 
acceleration noise seen in a bout of constant frequency and longer duration 
walking (i.e. > 10 seconds) is minimized by the dominant acceleration frequency 
of the gait activity, short duration and continually varying step frequencies 
inherent in activities like vacuuming produce more noise frequencies and detract 
from detecting a single dominant frequency.  It should be noted that in the trial 
protocol the amount of time spent vacuuming accounted for 39% of the total 
protocol time (mobility activities only). In typical daily life, the amount of time 
that people spend vacuuming across a total day would be minimal and would 
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likely have less impact on overall estimates of movement.  
There are a number of factors that contributed to the ICCs of Total Gait 
Bouts, Total Steps, and average Step Frequency that must be considered. The first 
issue is human evaluator variability vs. the automated criteria of the algorithm. 
Given the criteria that defined a gait bout (successive right leg strides ≤ 5 seconds 
and a gait duration of minimally 5 seconds for both the video and algorithmic 
determinations), human variability in the evaluators’ precise assessments of 
when a step is counted could have a large effect on the total steps counted as 
“walking”, the Step Frequency (steps/second), and the separations of gait bouts. 
For example: if 2 gait bouts are separated by 5.2 seconds as recorded by the 
accelerometer but the video evaluator "clicked" the first step of the 2nd gait bout 
0.3 seconds early, the video assessment will be of a single gait bout (bouts not 
separated by ≥ 5 seconds) and one step frequency for the 2 bouts combined. 
Because this source of variability has a larger overall effect in activities involving 
multiple, short duration bouts of walking by virtue of greater opportunity alone, 
it is not surprising to see the increase in the overall ICCs without the vacuuming 
activity. The inherent variability in each activity significantly impacts the level of 
correlation between the results obtained by the video interpretation of the 
activity and the algorithm’s output. For example, the street walking activity 
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involved an initial 30 seconds of “shuffle walking” down a resident driveway 
and then subjects’ normal gait for 30 seconds turning down a street sidewalk, 
turning around and walking 30–40 seconds back to the front stairs. Thus, there is 
also variability in this activity, but not as much as in the vacuuming activity.  
Another issue in the consideration of accurate walking assessments, in 
addition to the temporal requirements of steps/walking, is the criterion for what 
constitutes “a step.” The operational definition of a step provided for the video 
evaluators was movement consisting of a foot strike and a foot push off that 
results in horizontal translation of the body (which allows for walking in any 
direction). Although these characteristics may be obvious from the evaluators’ 
visual observations, the algorithm identifies these events as expressed through 
acceleration forces produced by them. For example, an evaluator may visually 
detect a foot strike and push-off in a smaller step with some measure of body 
translation resulting, but if the acceleration amplitudes of these events are not 
sufficient for the algorithm to "see" the events there will be a discrepancy 
between the evaluators and the algorithm regarding whether a step has occurred. 
The video evaluators were instructed not to include "repositioning" movements 
or steps. These are typically small-amplitude, acceleration noise-filled steps 
involved in functions such as pivoting/turning in relative place.  Because the 
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noise-to-stepping frequency ratio is high, the algorithm may not recognize the 
movement as walking, and technically it is not gait.  The amplitudes required by 
the criteria of the algorithm are based on that amount of combined acceleration 
forces which produces a dominant frequency during walking and results in 
appreciable translational movement of the body. Another example of differing 
interpretations of a step may occur at the end of a bout of walking. People rarely 
stop abruptly while walking; they usually slow down and come to a stop. The 
evaluator may see that last step as part of the gait bout and count it but the 
amplitude of the step is usually considerably smaller and may not be considered 
as part of the bout of walking by the algorithm. 
A step’s temporal marking precision is also an issue when examining the 
video evaluators’ intra-rater and inter-rater variability. The variability lies in the 
individual evaluator's decision of when the heel strike occurs and the motor act 
necessary to record or tally it. As previously described, tenths of a second 
difference at the 5-second interval can make the difference between and within 
evaluators. This variability may affect the evaluator’s identification of gait 
variables, especially for evaluations made in a real-life setting with minimal 
activity/movement restrictions. Although every one of the activities in the 
protocol contains at least one of the potential confounding characteristics (low 
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amplitude, changing step frequencies, partial steps, short duration bouts), 
vacuuming by far involves the most and the highest concentrations of these.  It is 
not surprising however, that given the operational definition of a "step", there 
would be at least a moderate to good agreement between evaluators of the video 
regarding the number of steps they visually observed. The timing of these steps 
however, would be more susceptible to variability given need to perform the 
motor act of clicking the mouse over a toggle to tally the step when it occurs in 
the Datavyu video evaluation software. The timing of the tally has a great 
influence on an evaluator's assessment of the number, the duration, and the 
stepping frequency of the gait bouts.  
The results of this study reveal important information about the human 
limitations inherent in video evaluation as well as evidence of the validity of the 
algorithm system. The study did expose the system’s error vulnerability in a real-
life setting with the analysis of the vacuuming activity.  Although the system 
performed relatively well in many of the real-life activities, activities highly 
concentrated with short bouts of walking, varying step frequencies, directions 
and amplitudes are problematic. Despite this, the results of this study suggest 
that the method used for gait identification holds promise as a valid approach. 
All the ICCs for the cycling activity exceeded the criterion quite 
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convincingly. However it should be noted that the cycling activity protocol in the 
study was designed for a stationary cycle with 2 dictated continuous bouts of 
prolonged pedaling separated by 8 – 10 seconds, hardly a real-life locomotion 
analysis. In contrast, the gait of the other activities in the protocol was in the 
home and community and subject to environmentally dictated obstacles and 
events. Cycling activity monitoring is under-researched so this study used a 
more controlled-setting/laboratory environment to establish a foundation for the 
system’s pedaling detection validity.  These results do pave the way for future 
study of cycling as locomotion in real-life setting.   
The system’s sensitivity and specificity hypotheses were both supported 
for pedaling and were just short of the criterion detecting gait in the other 
activities.  The one false positive pedaling event occurred in the vacuuming 
activity of one of the participants.  Upon investigation it was learned that the 
event was 5 seconds in length (the minimum detectable time frame) and was 
discovered to be an artifact resulting from an isolated step with a back and forth 
rocking associated with a subject’s vacuuming activity. There were, however, no 
other misinterpretations by the system in the 32 minutes of the protocol.  
This study targeted older adults so its applicability to other age groups is 
unknown. Additionally, although the setting for these trials was a home setting, 
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the trials were not performed in the participants’ own homes, which introduced 
an unknown potential source of variation. Recruitment of the participants was 
from the community but also from investigator contacts and therefore was a 
sample of convenience.  
 This study examined a relatively novel approach for detecting locomotive 
activity and pedaling/cycling. Future research on the validity of this system in 
real-life, particularly with real-life pedaling activities, would help further define 
the system’s validity for evaluating locomotive behaviors. The pedaling 
investigation in this study was conducted under significant trial protocol 
constraints. Future work on this monitoring system should include how to deal 
with the pauses in pedaling typically seen when coasting in real-life community 
cycling. The findings of this study suggest that the fundamental basis of this 
approach for identifying locomotion could be expanded to identify other 
activities as well, especially those that are cyclical in nature or that have unique 
acceleration frequencies associated with them.  Initially, the expansion could 
include differentiating between forms of bi-pedal gait: walking, running, and 
stair climbing. 
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Figure 1: The algorithmic data processing flow chart for activity identification52 
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Figure 2: Accelerometer anatomical position for Studies 1 & 2 trials 
y 
z 
x 
The Genea accelerometer is strapped to each participant’s right ankle just 
above the lateral malleolus and aligned mid-axillary such that the y-axis of 
the accelerometer is aligned with gravity. 
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Figure 3: The analysis for the determination of activity level: static vs. dynamic.52 Top 
panel shows the acceleration time series along the x, y, and z axes during a lying-to-
standing movement followed approximately 11s later by several gait cycles of walking; 
Middle panel shows the time series of the Jerk Magnitude Vector (JMV) derived from 
the acceleration signals (see text for details); Bottom panel shows the Signal Magnitude 
Area function, a discretized (1-sec bins) and thresholded (parameter value = 0.2) 
version of the JMV time series that identifies intervals of static vs. dynamic activity. 
 *Upon a reexamination of Fig. 2 in reference [52], it appears that the action sequence in 
question may not have been, as originally reported, a sit-to-stand-to-walk sequence but 
rather a lying-to-standing-to-walking sequence. The reason for this reinterpretation is that 
the kinematics of the first transition are not consistent with a sit-to-stand movement. In a 
standard sit-to-stand transition, the shank would remain approximately parallel to gravity 
throughout the transition, and the steady-state values displayed by the 3 accelerometer 
signals should be approximately the same in the sitting and standing phases of the 
sequence. The fact that two of the signals (red and blue trajectories) approximately 
exchange steady-state values across the first transition suggests that the movement was 
rather one from a (supine) lying position to a standing position, where the red signal 
denotes the accelerometer’s vertical (X-) axis and the blue signal denotes the 
accelerometer’s sagittal (Y-) axis. During the lying phase, the Y-axis would be 
approximately parallel with gravity with a large signal value, and the X-axis would be 
approximately orthogonal to gravity with a low signal value; the situations would be 
approximately reversed during the standing phase. The figure above was adapted from the 
cited source to accommodate these corrections. 
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Figure 4: The Power Spectral Density (PSD) function for gait.52 Top 
panel shows the acceleration time series along the x, y, and z axes 
from one leg during 8s of gait; Bottom panel shows the 
corresponding Power Spectral Density function (spectral power on 
the ordinate; frequency on the abscissa) for the y-axis acceleration 
signal in which two spectral peaks are detected, one at the stride 
frequency and one at the step frequency. 
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Figure 5: The Power Spectral Density (PSD) function for pedaling.52 Top panel 
shows the acceleration time series along the x, y, and z axes from one leg 
during 10s of pedaling (cycling); Bottom panel shows the corresponding 
Power Spectral Density function (spectral power on the ordinate; frequency on 
the abscissa) for the y-axis acceleration signal in which only a single spectral 
peak is detected at the cycling frequency. 
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Table 1: Study 1 participant demographics 
 
 
  
Study 1-Participant Demographics (n = 16) 
gender number 
age range 
(yrs) 
mean age 
(yrs) 
age std. dev. 
(yrs) 
male 9 53.11 – 81.94 65.08 11.44 
female 7 56.14 – 78.73 62.79 8.85 
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Table 2: Intraclass Correlations for Gait Variables 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
 
R leg 
ICC 
P-level 
R & L 
leg 
ICC 
P-level 
Total Gait 
Bouts 0.178 p = 0.153 0.166 p = 0.277 
Total Steps 0.512 p = 0.019 0.483 p = 0.021 
Total Gait 
Duration 0.778 p = 0.002 0.799 p < 0.001 
Ave. Step 
Frequency 0.267 p = 0.002 0.16 p = 0.002 
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Table 3: ICCs with Vacuuming Removed 
 
 
  
 
 
R leg-
vacuum 
ICC 
P-level 
R & L 
leg-
vacuum 
ICC 
P-level 
Total Gait Bouts 0.376 p = 0.042 0.656 p = 0.002 
Total Steps 0.724 p < 0.001 0.696 p < 0.001 
Total Gait 
Duration 
0.961 p < 0.001 0.959 p < 0.001 
Ave. Step 
Frequency 
0.646 p < 0.001 0.522 p < 0.001 
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Table 4: Intraclass Correlations for Pedaling 
 
 
 
 
 
 
  
  
R leg ICC P-level 
Total Pedaling Bouts 1.000 p = 0.500 
Total Pedaling Duration 0.993 p < 0.001 
Total Pedaling Cycles 0.999 p < 0.001 
Ave. Pedaling Frequency 0.996 p < 0.001 
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STUDY 2 
 The CONSISTENCY of LOCOMOTIVE ACTIVITY  
of COMMUNITY-LIVING OLDER ADULTS  
 INTRODUCTION 
It has been reported that certain characteristics of people’s gait remains 
relatively constant over time scales of days or weeks.11–14, 19, 54 This finding has 
far-reaching implications in that it suggests that people’s short term healthy 
practices translate to longer term functional and general health.  If people 
(especially the elderly) show a pattern of lower levels of activity, there is the 
potential for loss of function to occur.2, 15 Given the aging US population, 55.this is 
an issue of important health concern.  
Typically studies of physical activity examine the consistency of the 
spatio-temporal gait parameters, such as stepping frequency, step length, and 
speed. Most studies have been conducted in a laboratory under protocol 
constraints of walking surfaces, command-driven direction, and defined activity 
performance, 49 where these parameters have been found to be consistent owing 
to their anthropometrics and biomechanical nature. Senden et al. investigated the 
consistency of cadence and spatial oriented parameters of gait using a triaxial 
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trunk accelerometer on 120 subjects, age 20– 86 years, in a laboratory on two 
different days. The between-days and inter-observer ICCs for cadence were 0.99 
and 0.91 respectively.  A 1999 study11 investigating the consistency of gait in 
Parkinson’s disease patients over 7 days evaluated measures on days one week 
apart using a mechanical foot switch device to investigate spatial and temporal 
gait parameters.  The trials were conducted on two separate days in a laboratory 
under protocol conditions. They found cadence, speed and stride length 
correlations between 0.90 and 1.00.  A 2003 study13 using 3-dimensional 
piezoresistive accelerometers on the lower lumbar spines of 20 participants 18– 
57 years old studied gait consistency, including cadence, on two consecutive 
days in a laboratory and following a protocol.   The across-days ICC (1,1) 
estimates were 0.96 for both cadence and step length and 0.94 for stride length.  
Moe-Nilsen et al. looked at 19 subjects’ (21–26 years old) consistency of gait in 
terms of time spent in single support on either leg and double support in 
different walking environments.  The two testing periods were separated by 2 
days and conducted in a laboratory under protocol constraints.  They found high 
across-day correlations of the accelerations in each axis during walking 
supporting the notion that people’s gait patterns are relatively stable over short 
periods of time, i.e. across a 2-day separation. All of these studies looked at gait 
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parameters as identified on multiple short walks (i.e. 10 meters), none were done 
neither in home settings nor as performed during participants’ real life activities 
and expressed as daily values.  
The consistency of gait across full days has not been sufficiently studied in 
people’s real lives in their own environments.   Studies using accelerometer-
based classification of locomotive activity to assess real-life consistency on an 
average daily basis, unconstrained by study procedures (i.e. with participants 
free to go about their normal daily lives without any activity instructions, 
constraints, or interventions) have not been published.  Studies of the consistency 
of real life gait variables such as number of walking bouts, total walking duration 
and even total number of steps have also not been published.  To address this 
gap, the present study examined an uninterrupted week of activity data collected 
in participants’ home and community settings with no study procedures 
imposed other than the wearing of an accelerometer on the right ankle. The 
study evaluated these temporal gait parameters for and three separate weekdays 
to investigate their consistency.  
Riding a bicycle is another form of locomotion, which many Europeans 
use on a regular basis. According to a 2012 Rutgers University source, 53 as many 
as 22–23 % of community trips made by people 45+ years of age in the 
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Netherlands are made by bicycle.  There have been no published studies on the 
consistency of the various temporal cycling parameters for those who pedal a 
cycle regularly for locomotion or stationary exercise. Therefore, the present study 
was intended to investigate the real life consistency of older adults’ pedaling 
parameters as well. 
Accelerometry based activity monitoring has been useful in measuring 
activity levels, particularly regarding walking, and the relationship of activity 
levels with BMI and gender but there has been little to no investigation of the 
variability within these categories as they apply to older adults. Information on 
variability would help clarify how added weight and increasing years affect the 
patterns of locomotion in a population where aging and functional concerns 
become more prevalent. A US study27 with 4867 subjects in 2007 reported the 
mean number of activity counts (number of acceleration events) as measured by 
a waist worn Actigraph accelerometer for 7 days at home. Although the mean 
number of counts per day did not differ between 50+ year-old men and women, 
men showed considerably more variability than did women. This phenomenon 
was not a focus of the study and therefore was not addressed by the authors. 
Also in terms of gender differences in older adults, a 2009 study 39with 24 
women (average age 76.8 yrs.) and 20 men (average age 77.1 yrs.) found that in 
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dual-task walking (spelling backwards while walking) older men showed more 
variability in stride to stride walking speed than did older women, where the 
speed of each stride was compared to the average of multiple strides across 3 
trials. The study also found an increase in variability within both genders for 
dual task walking compared to normal single task walking. This study was 
laboratory based and, again, the authors did not discuss the issue of differences 
in variability between genders. A 2008 Japanese study34 of 117 women and 62 
men, all older adults of similar BMI, showed considerable gender related 
differences in steps per day variability after a week of wearing a pedometer at 
home during waking hours and excluding water activities.  The authors did not 
comment this difference in variability. 
Differences in walking in relation to persons’ BMI have been found, but 
the association of gait variability with BMI has not been investigated. A 2005 
study28 investigating the relationship between the number of steps per day and 
BMI did find that the average number of steps per day taken by men 
significantly decreased across 3 BMI sub groupings: < 25 kg/m2, 25– 29 kg/m2 and 
≥ 30 kg/m2 (p < 0.01). Although not commented on, the report showed that the 
standard error nearly doubled across the last 2 groupings. Steps per day 
decreases across the 3 groupings for women were also seen although these were 
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not significant. Again, the standard error of the first 2 groupings compared to the 
3rd had similar characteristics to the men’s 2nd and 3rd. This relationship was also 
found specifically for middle-aged adult women in a 2003 study40 but again 
variability differences in steps per day associated with BMI were not reported 
on.  A 2008 study35of body composition and physical activity of 100 Japanese 
women independently living in the community also showed considerable steps 
per day variability differences between BMI < 24.7 and 24.7– 40 but this 
difference was not a focus of the study.  
Why might one expect more variability in one BMI category vs. another? 
In 200544 Herman et al. investigated the stability of older adults with a high risk 
of falling vs. low-risk age similar controls and defined stability as the degree of 
variability found during gait.  These researchers attributed the high degree of 
variability found in the high-risk group to their admitted fear of falling. They did 
not find an association between extent of variability and strength or balance, but 
rather with neuro-psychological factors such as fear and depression. This finding 
suggests that anything that would lessen a person’s confidence in gait could 
result in more stride-to-stride variability and thus greater overall gait variability. 
A 1991 study43 looked at differences in gait of obese vs. non obese prepubertal 
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boys and found the obese group to have less stability at speeds 10% slower and 
30% faster than their self-selected comfortable pace, spending more time in the 
double support phase of the stance period of their gait cycle than non-obese 
boys. The extended double support phase (the most stable phase of gait) could be 
indicative of an innate protective mechanism against loss of balance.  At their 
preferred walking speed the obese group had a decreased cadence compared to 
the non-obese group. The authors theorize that these differences are because 
obese children are unsure of balancing their added weight. A study42 in 2000 
looking at the stability of obese vs. non-obese pre-pubertal boys also found the 
obese group had a decreased cadence and greater variability in preferred 
walking speed compared to the non-obese group. In the absence of formal 
investigations, the proposed explanation of gait/balance instability offered by 
many authors 40, 42, 43lends support to the possibility there may be differences in 
gait variability according to BMI. 
Age-related variability in degree of knee extension and stride length was 
reported in a1994 study41 as well as variability in gait velocity and stride-to-
stride variability in a 2004 study56 looking at single vs. dual task walking. Age 
differences were also seen in terms of stride length, gait speed and cadence in a 
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2003 study.57 Conversely, before the use of accelerometer-based activity 
monitoring systems, a 1989 study58 found no difference in step and stride length, 
velocity, ankle range of motion, vertical and horizontal excursions of the center 
of gravity, and pelvic obliquity in 20–32 vs. 60–74 year old men; however, the 
younger group demonstrated a significantly larger stride width than the older 
group. All of these studies were conducted in laboratory/clinical settings with 
multiple, protocol dictated, 10–20 meter walks and none involved whole day, 
real life values. Of the age-related gait studies that have been published, the vast 
majority compares wide age differences of 40 years or more such as 20–30 year 
olds and 60+ year olds.  The present study examined age-related differences in 
average daily gait variability between middle-aged and older adults in the 
participants’ home settings without any protocol dictated activity. 
In summary, although gait variations related to BMI, gender and age have 
been reported in laboratory, protocol-structured studies, there has not been a 
study examining differences in daily gait variability within these groups as they 
occur in the real lives of older adults. Measures taken during the everyday real 
lives of older adults reflect their actual activity habits, which can then be targets 
of interventions to maintain functional health. The purpose of this study is to 
investigate the consistency of older adults’ locomotive behavior on separate 
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weekdays during the same week of wearing a single accelerometer-based activity 
monitor. The monitor records kinematic data that is evaluated to detect 
locomotive activity using a variety of parameters in older adults in their real life 
settings. Additionally the effects of age, gender and Body Mass Index (BMI) on 
gait variability were investigated for this population. The study addressed three 
primary research questions: 
Question 1: How consistent are older adults' daily gait activities over 3 weekdays? 
Hypothesis; The three weekdays’ gait activity consistency as measured by 
correlational analyses ICC (2, 1) will be > 0.70 for each variable but > 0.80 for 
stepping frequency. 
Question 2: How consistent are older adults' pedaling activities over 2 weekdays? 
Hypothesis: The two weekdays’ pedaling activity consistency as measured by 
correlational analyses ICC (2, 1) will be > 0.70 for each variable. 
Question 3: Are there differences in gait variability in terms of age, gender and BMI for 
the average of 3 weekdays of activities in the real lives of older adults? 
The null hypothesis for this investigation is that there will be no significant 
differences within subgroups in gait variability as measured by: average number 
of steps, average stepping frequency, average gait duration, average number of 
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gait events, and average gait duration per event for 3-day mean values of gait 
activity in BMI, age and gender subgroups of older adults in real life settings. 
The variables for each Research Question are presented in Table 5. 
METHODS 
This study involved a secondary analysis of data collected from a 
prospective, longitudinal cohort study conducted by the University of Leiden, 
Department of Geriatrics in the Netherlands. 
PARTICIPANTS  
De-identified data of 367 participants (age range 45–84 years) was 
obtained from a prospective, longitudinal cohort study investigating predictive 
factors of aging.  In the 2002 Leiden Longevity Study, 420 families (about 2200 
participants) were recruited, consisting of long-lived Caucasian siblings together 
with their offspring and the partners thereof. No other health or demographic 
selection criteria were applied. In 2007 the researchers conducted in-depth 
phenotyping of randomly selected offspring and their partners (600 participants).  
They then further narrowed the database and conducted more phenotyping of 
450 participants in 2010, from which the sample for this study were drawn. All of 
this testing was conducted for the larger study targeting the factors that influence 
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life longevity. The Leiden group conducted their own activity monitoring study 
in 2010 using a database of 367 of these 450 participants.  
PROCEDURES 
The accelerometry portion of the LLS included 367 participants from the 
450 who had all of the procedures described above successfully performed. The 
LLS personnel placed and instructed participants how to place a GENEA 
accelerometer above the lateral malleolus of the right ankle and instructed the 
participants to wear the accelerometer continuously for 7 days except when 
submerged in water (i.e. bathing/showering, or swimming).  
The GENEA (Gravity Estimator of Normal Everyday Activity) 
accelerometer (Unilever Discover, Colworth UK) is a ± 6g seismic triaxial sensor 
(LIS3LV02DL; STMicroelectronics, Geneva, Switzerland) 36 x 30 x 12 mm in size 
and that weighs 16g.  The GENEA, with 500 MB of memory, can store 
approximately 8 days of continuous raw data at 80 Hz sampling frequency with 
12-bit resolution before it requires recharging and data transfer.3 In a 
validity/reliability study3 the waist-worn GENEA’s classification accuracy 
according to the area under a receiver operating curve (ROC) was 0.95. 
Additionally, using a mechanical shaker table, the GENEA showed excellent 
technical reliability (CVintra = 1.4%, CVinter = 2.1%) and validity (r = 0.98, p < 
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0.001). One GENEA accelerometer was used for each participant. The GENEA is 
commercially available and was used according to manufacturer’s specifications.  
These 367 sets of participant data were made available in collaboration 
with the Leiden group for the present study. The data were analyzed by a set of 
algorithms that utilize the step frequency of bouts of gait ≥ 5 seconds long and 
separated by > 5 second successive right stride lengths to identify gait and 
specific parameters to provide the output for measuring the variables targeted in 
the present study. Evidence supporting the validity of the algorithm for 
detecting these variables was reported in the previous study (Study 1). 
DATA ANALYSIS 
The database from this portion of the study was narrowed down from the 
367 available participant data for the present study’s gait analyses based on the 
following criteria: 
• ≥ 5 days of continuous/ viable data (i.e. not faulty secondary to 
machine or human error as evident in the data time series)  
• ≥ 3 days of gait data on weekdays (Mon– Fri) that contain 
o ≥ 200 steps/day 
Cycling is an important means of transportation in the Netherlands, more 
so than in the USA.  A subgroup of the cohort was eligible for a similar 
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cycling/pedaling activity consistency analysis. The acceleration data from the 
participants’ week-long, right ankle-worn GENEA accelerometer was converted 
to time series with Matlab (Math Works, Natick MA) as described in the 
Common Introduction and a set of algorithms was used to identify over ground 
gait and pedaling. It is important to consider that cycling for locomotive 
purposes differs from gait in that cycling can involve translation while 
“coasting” and can involve minimal/sporadic actual pedaling. Criteria for 
participant data that was considered for pedaling analyses included: 
• ≥ 2 weekdays of pedaling data that contain: 
o ≥ 2 minutes of pedaling activity/day (minimum criteria based 
on the possibility of a participant cycling short distances in the 
community i.e. within a neighborhood). 
The gait data eligible for analysis was uploaded to a computer and 
analyzed by a set of algorithms to identify gait and determine gait parameters: 
total number of steps, total number of gait bouts (continuous gait x ≥ 5 seconds), 
average steps per bout, total gait duration, average gait duration per bout, and 
average daily stepping frequency. Using the decision tree classification method 
of activity identification described in Study 1 and the finding that some of 
individuals’ locomotive parameters remain similar over short periods of time 
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such as days or weeks11–14, 19, 49the consistency of the acceleration data from the 
participants’ three weekdays was examined using correlation analyses of gait 
activity. Given that some of the variables for this study have not been the focus 
of published studies, there is no reference from which to gauge expectations. The 
hypothesis threshold rationale was based on the expectation that people’s 
general activities remain relatively constant within weekdays of a week and 
therefore there should be at least a moderate correlation of their locomotive 
behaviors across three weekdays in the same week. The one variable in the pool 
that has been investigated in a laboratory setting and found to be highly 
correlated (> 0.85) over short periods of time such as days, is stepping frequency 
or cadence. However, the study designs for that research have involved 
reproduction of specific walking protocols on separate days and not the average 
daily cadence in real life.  Therefore the expectation was that this biomechanics-
reliant variable would show a good correlation between separate days but 
perhaps not the extraordinarily high correlation (i.e. >.90) seen in a laboratory 
under protocol constraints. 
 Similarly, the pedaling data eligible for analysis was uploaded to a 
computer and analyzed by the same set of custom-made algorithms to identify 
pedaling activity and pedaling parameters: number of pedaling bouts, total 
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pedaling duration, average pedaling duration per bout and average pedaling 
frequency. Based on the finding that some locomotive parameters remain similar 
over short periods of time such as days or weeks,11–14, 19, 49 the decision tree 
classifier method incorporated in the algorithms described previously was 
applied and the consistency of acceleration data from the participants’ pedaling 
episodes on two weekdays was examined using correlation analyses.  Given that 
pedal frequency is a biomechanical-dependent parameter, the expectation was 
that this parameter should show at least fair consistency, similar to what the gait 
research has found with step frequency. Pedaling movements were 
distinguished from the acceleration data of the participants’ locomotive activities 
using decision tree classifiers and the movement specific characteristics of 
pedaling. In the absence of any research regarding cycling/pedaling parameters 
and particularly of daily measures, a level of similarity above chance was used 
for the hypothesis. 
Lastly, an investigation into the differences in gait variability according to 
age, gender and BMI subgroups was conducted for the following variables: 
average number of steps, average stepping frequency, average gait duration, 
average number of gait bouts, and average gait duration per bout across 3-
weekday mean values was conducted. 
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STATISTICAL ANALYSIS 
 Consistency across days for the relevant variables was examined using 
intraclass correlation coefficient (ICC), two-way mixed model for absolute 
agreement for single measures and two-way random model for absolute 
agreement using averaged measures.  The Wilcoxon signed ranks test was used 
to examine differences in gait variability by age, gender, and BMI mean values 
over participants’ 3 weekdays’ data with alpha set at .05. For Question 3, the 3-
day mean and standard deviation values for each participant’s selected variable 
were calculated to represent individual variability. Subgroup (age, gender and 
BMI) mean and standard deviation values were then calculated and used in 
analyses.  
RESULTS  
Demographic details of the participants are reported in tables 6, 7, and 8. 
        The ICC analyses for the consistency of gait activity across 3 weekdays 
revealed, in general, significant moderate associations for all of the targeted gait 
variables (See Table 9). One variable, average daily step frequency, showed a 
very strong association (0.914) across the 3 days.  
 The ICC analyses for the consistency of pedaling activity across two 
weekdays (n = 140) showed a moderate to large significant correlation for the 
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total number of bouts/day and a stronger, significant association in the average 
pedaling frequency/day. (See Table 10)  
 There were no significant differences in the variability of average gait bout 
duration by gender or age however there was a significant difference by BMI.  
There were significant differences between age groups for both steps and step 
frequency, and in gait duration by gender (see Table 11).  
DISCUSSION 
 Consistent with previous research conducted in laboratory settings11, 13, 
49this study found a very high degree of consistency in the locomotive activity of 
older adults across several days in the same week. The high agreement in 
stepping frequency is not surprising given the biomechanical nature of this 
parameter. All of the other variables examined in this study involve some degree 
of personal decision/control on the part of the subjects: a person has some level 
of control regarding the amount of walking he/she performs on any given day 
including the number of steps, the length of time walking or the number of times 
a person performs a bout of walking.  Although personal routines/schedules 
influence these variables, in the end a person decides whether to walk or not. 
However the physical walk itself is constrained considerably by the 
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biomechanical components of a person's legs62, the length, weight and other 
physical lower extremity characteristics, which are key factors affecting stepping 
frequency.  Although consistency was not as high as for stepping frequency, 
ICCs for the other gait variables were all moderate and significant across the 
same time periods. These findings suggest that, in general, the older adults’ 
general locomotive activities remained relatively consistent over weekdays in the 
same week. 
Similar to the gait data results, the greatest consistency in the pedaling 
variables in this study was for average daily pedaling frequency. Like walking, 
pedaling is somewhat constrained by the pedalers' biomechanics.58 The specific 
combinations of the length, weight, and configuration of the pedaler’s limb 
segments partially dictate the pedaling mechanics for that person. The difference, 
however, is that those mechanics are further constrained uniformly across 
subjects by the physical characteristics of the cycles’ pedaling hardware. If we are 
to assume that this hardware is consistent over subjects (same size of pedal gear 
size), then we might expect a narrower standard deviation of pedaling frequency 
between pedaling subjects than the standard deviation of stepping frequency 
between gait subjects. The ICC for the standard deviation of average daily 
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pedaling frequency (0.838) was indeed somewhat smaller than that of the 
average stepping frequency (0.914).  
The total pedaling duration/day was not found significantly correlated, 
indicating that older adults’ pedaling behaviors, in terms of amount of time 
pedaling/cycling routinely in their lives, may not be consistent across weekdays 
in the same week. Perhaps this is because, unlike over-ground gait, 
pedaling/cycling is typically a secondary mode of transportation and other 
functional options exist (walking, automobile, public transportation, etc.).  The 
finding of a weak, but significant, association of average pedaling bout 
duration/day across two weekdays suggests that when engaging in 
pedaling/cycling activities, older people have a slight tendency to pedal for 
similar amounts of time with each bout of pedaling/cycling. This may reflect the 
participants’ pedaling during exercise routines or consistent community 
transportation routines in their daily lives.   
One might expect a bigger difference in the ICC for these standard 
deviations given the gear constraint described previously, but pedaling 
frequency is also influenced by the gear-shifting capabilities of the bicycle.  A 
larger gear circumference will provide more pedaling resistance to the pedaler, 
thus affecting the pedal frequency and resulting in more variability. Another 
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factor relevant to interpretation of pedaling consistencies over time is whether 
the pedaling is used for locomotion vs. exercise. It is not hard to understand that 
the pedaling behavior of a person cycling for locomotion in the community 
would be vastly different than a person pedaling a stationary cycle for exercise. It 
is also not hard to understand how this difference in context would affect the 
other pedaling variables under study (duration, bouts and duration/bout) as the 
pedaling is for different purposes.  
This study is of particular importance because it is the first to report these 
findings on consistency of gait and pedaling from data reflecting the real 
unrestricted activities of older adults. Previous studies have been conducted in 
laboratory/clinical settings under protocol restrictions, thus generalizability of 
the findings was uncertain.  Future studies should strive to further differentiate 
between forms of gait (i.e. walking, running, stair climbing) and pedaling (i.e. 
stationary exercise, community locomotion, sport) in the natural environment. 
Results of analyses on gait variability differences across subgroups (age, 
gender, and BMI) revealed significant differences on each variable in at least one 
of the subgroups. The age subgroup is unique in this study because most studies 
that have investigated age differences had age groups that were substantially 
different (i.e. < 25 yrs vs. > 60 years). The age separations for this study are less 
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extreme: middle-aged vs. elderly. Significant differences were found in the 
standard deviations of steps and step frequency between these groups, 
suggesting that as people age beyond 45 years there is less variability in the 
number of steps taken and the average step frequency. The results also suggest 
that as BMI increases greater than 26 kg/m² in older adults, there is a significant 
difference in the variability of the number of daily walking bouts performed; 
people with BMI ≥ 26 kg/m2 are less variable than people whose BMI  < 26 kg/m2 
in the number of walking bouts they perform each day. 
 Although the differences in gait activity characteristics such as number of 
steps, step frequency, distance and speed have been studied in age, gender, and 
BMI groups in the past and in the laboratory, differences in variability have not. 
Understanding the nature of variability in relation to these factors may help 
researchers better understand health and fitness patterns within these groups. It 
is possible that less variability is indicative of lowered function because people in 
their mobility is limited by characteristics such as increased body weight or 
changes related to aging.  
LIMITATIONS OF THE STUDY  
The condition of minimal/no study-imposed constraints on the 
participants may have led to reduced compliance with study procedures such as 
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placement location precision of the monitor and wearing schedule (i.e. not in 
water activities).  At times, this resulted in less than a full week of 
data/participant but it also may have affected the quality of the acceleration data 
that was collected.    
 The cohort study from which this study’s data was acquired was a study 
that included couples, which could have increased the similarities between 
participants in terms of activities.  It is reasonable to suspect the activity 
similarities between couples would be greater than if the two people were not 
living together as a couple.  This similarity may have an unknown effect on the 
comparison of gait parameters across days. Unfortunately, more detailed 
information regarding relationships among participants was not available in the 
data set.  
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Table 5: Variables for each research question 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
FUNCTIONAL DAILY MEASURES  
Questions 1 (2 separate days in the same week)  
Total number of steps/day 
Total number of gait bouts/day 
Average steps per bout 
Average step frequency/day 
Total gait duration/day 
Average gait bout duration per day 
Question 2 (2 separate days in the same week) 
Total number of pedaling bouts/day 
Total pedaling duration/day 
Average pedaling bout duration/day 
Average pedaling frequency/day 
Question 3 (mean of 3 days in the same week) 
Average number of steps 
Average stepping frequency 
Average gait duration 
Average number of gait bouts 
Average gait duration per bout 
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Table 6: Study 2 Question 1-Participant Demographics (n = 227) 
 
 
  
gender number age range (yrs) mean age (yrs) age SD (yrs) 
male 118 50.53 – 81.42 65.81 6.05 
female 109 47.37 – 80.25 67.77 6.89 
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Table 7: Study 2 Question 2-Participant Demographics (n = 140) 
 
 
 
 
 
 
gender number age range (yrs) mean age (yrs) age SD (yrs) 
male 74 47.37 – 73.21 64.1 6.12 
female 66 48.73 – 76.75 66.21 6.37 
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Table 8: Study 2 Question 3-Participant Demographics (n = 207) 
 
 
 
 
 
 
 
 
 
 
 
 
 
gender number 
age range 
(yrs) 
mean age 
(yrs) 
age SD 
(yrs) BMI range  
mean 
BMI 
BMI 
SD 
male 104 50.53 – 80.25 66.68 5.99 19.85 – 35.3 27.11 3.16 
female 103 47.37 – 81.42 63.89 6.64 18.48 – 41.25 26.28 4.11 
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Table 9: Intraclass Correlation for gait consistency 
 
 
 
 
  
 
  
Day A v B v C (n=227) 
Variable ICC P-level  
total number of gait bouts/day  0.608 p < 0.001 
total number of steps/day 0.546 p < 0.001 
average steps per bouts 0.608 p < 0.001 
total gait duration/day 0.534 p < 0.001 
average gait duration per bout 0.595 p < 0.001 
average daily stepping frequency 0.914 p < 0.001 
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Table 10: Intraclass Correlation for pedaling consistency 
 
 
 
 
 
Day A v B (n = 140) 
Variable ICC sig. 
Total number of pedaling bouts/day 0.725 p < 0.001 
Total pedaling duration/day 0.058 p = 0.362 
Average pedaling bout duration/day 0.277 p = 0.029 
Average pedaling frequency/day 0.838 p < 0.001 
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Table 6: Gait Variability Differences (Wilcoxon Signed Ranks Test) according to Age, Gender & BMI 
 
Variable 
SD Gait Bouts 
SD Gait 
Duration SD Steps 
SD 
Duration/Gait 
Bout 
SD Mean 
Stepping 
Frequency 
Z 
n=207 sig. 
Z 
n=207 sig. 
Z 
n=207 sig. 
Z 
n=207 sig. 
Z 
n=206 sig. 
Age (45–
65 yrs, > 
65 yrs) -0.11 p = 0.267 -1.791 p = 0.073 -2.12 p = 0.034 -0.643 
p = 
0.52 -2.971 p = 0.003 
Gender -0.846 p = 0.398 -8.801 p < 0.001 -1.119 p = 0.263 -1.105 
p = 
0.269 -3.438 p < 0.001 
BMI (< 25 
kg/m2, ≥ 
26 kg/m2) -2.248 p = 0.014 -1.11 p = 0.267 -1.302 p = 0.193 -0.215 
p = 
0.83 -0.076 p = 0.94 
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COMBINED STUDIES SUMMARY/CONCLUSIONS 
These two studies were conducted to investigate a locomotive activity 
monitoring system that utilizes a set of custom-made algorithms to detect 
specific movement qualities in gait and pedaling used to identify and quantify 
these activities. Results of the first study, an examination of the system’s validity, 
showed the output (detection of gait and pedaling activities and parameters from 
the acceleration data) from the activity monitoring system correlates moderately 
well with the averaged values derived from video analysis of the activity. The 
correlations may be better than moderate given the element of human error that 
potentially influenced results from the video evaluations.  The second of these 
studies was used to show how the unique set of locomotive parameters that are a 
product of this system could measure the consistency of older adults’ real-life 
gait and pedaling parameters over weekdays in the same week.  
Given the results of the validity study, the method of gait and pedaling 
detection by this system warrants further investigations into optimizing the use 
of specific activity patterns for activity identification. This system focused on the 
frequency of steps/pedaling cycles of the right lower-leg during gait activity. 
There are other activities with inherent frequencies to which this method could 
be applied, for example with the wrist to detect tooth-brushing or surface 
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painting. In addition to further study of community cycling (which involves 
short periods of no pedaling while coasting) or improving the accuracy of gait 
detection in hybrid activities like vacuuming, future studies should seek to 
further discriminate various types of locomotion such as stair climbing and 
running.    
Beyond this system’s focus on frequency, the idea that the inherent 
characteristics of movement can be used for activity identification should be 
further studied. For instance, reaching activities with the arm have arm segment 
angles and coordinations that are characteristics of the movement. This may 
require the use of two or more monitors, however the combination of 
biomechanical knowledge and targeting of specific components of a movement 
may lead to more diverse and accurate systems 
The second study in this dissertation suggests that locomotive activity is 
at least somewhat similar during the weekdays of a given week, thus an estimate 
of individuals’ general levels of activity can be generated from a sample of such 
data. Based on these results, perhaps the best activity modifying intervention for 
a person would be through his/her weekday routine. Based on the study results, 
it is reasonable to predict that successfully incorporating a recommendation into 
a person’s weekday routine would ensure at least some level of weekday 
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compliance.  For example, the recommendation might be, if possible, to walk or 
cycle to work as opposed to driving.  
This study reveals something about people’s locomotive behavior in terms 
of spatio-temporal parameters however if it were coupled with metabolic 
information, a more definitive activity profile could be developed. For instance, 
there is a difference in metabolic cost associated with the spatio-temporal profile 
of walking over flat ground versus “up hill”. The locomotive data from this 
monitoring system could be enriched significantly if its output was coupled with 
data from an altimeter, inclinometer or pulsometer and metabolic costs of 
activities became available. Future studies in the area of activity profiling would 
benefit from such a coupling to see if there are similar consistencies when both 
spatio-temporal and metabolic data are considered.  
The system was also used to investigate whether there are differences in 
gait variability between age, gender and BMI groups in older adults.  These 
findings exemplify the utility of this system to investigate unique parameters of 
real-life locomotive behaviors. The ability to accurately detect different types of 
activities and to understand the activity behavior of people will yield the 
development of better public health policies as well as individualized activity 
recommendations. For example, if it is known that a certain segment of the 
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population, such as those whose BMI are greater than a certain amount, tends to 
fall below an activity level standard such as number of daily steps performed, 
then specific recommendations can be made to this population and their 
compliance with these directives could be monitored on an individual basis. 
Health trends for people based on activity type, amount or intensity can be more 
accurately investigated. For instance; what happens to these activity parameters, 
levels and types as we age? 
This dissertation is an investigation into one approach of activity 
identification and its utility to describe people’s locomotive behaviors. 
Expansions of both this method and its larger general focus on movement-
pattern specificity will further contribute to the growing field of activity 
identification/monitoring by providing new ways to identify activity and thus, a 
greater number of activities that can potentially be identified. This ability will 
enrich the data available for real life investigation into people’s locomotive and 
activity behaviors that will empower health policy and improve people’s general 
health/wellness. 
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APPENDIX A 
Study 1 Trials Protocol 
 
 When noted "…then 1" = still x 1 minute 
1. “Stand still for 30 seconds then stomp with your right leg” then 1 
2.  “Lie on the sofa” then 1 
3. “Sit on the edge of the sofa and then stand up” then 1 
4. “vacuum this room (~ 2 minutes) then come back to this spot, place 
the vacuum down” then 1 
5. “walk to the front door (~10 ft.) and exit to the stairs” then 1 
6. “go down the flight of 5 stairs (~ 10 seconds) and stand for 1minute” 
7. “walk with the cane (in dominant hand) to the exercise room (~100 ft, 
~30 seconds) and enter. Then walk and stand next to the exercise 
cycle.” then 1 
8. “transfer; mount/sit on cycle seat and remain sitting still x 1 minute” 
9. “pedal almost of what is a comfortable pace” x 3 minutes then “stop 
for 6 seconds” then 
10. “pedal at your full comfortable speed” x 2 minutes then “slow down 
‘til you are stopped” then 1  
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11. “transfer; sit→ stand at side of cycle” then 1.  
12. “walk to and exit through the doorway (~5 ft),walk at a comfortable 
pace”  outdoors x 2 minutes, 1 minute away from house, the first 30 
seconds “…with a shuffling walk. After 1 minute, turn and walk back 
to entrance stairs” then 1 
13. “go up the 5 stairs into the house and return to your original starting 
spot” (~10 ft. from stairs/door) then 1 
14. “Stomp with your right leg” then 1 
Total time: ~ 32 – 33 minutes (24 minutes dictated + approx. transfers 
and short walks time) 
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APPENDIX B 
Study 2  
Day Selection Process 
To avoid the confounding possibility of comparing a weekday and 
weekend day in pairings for Specific Aims 1 and 2, three and two weekdays, 
respectively, will be selected on a not-a-weekend-day basis28 for statistical 
analysis with SPSS 19. The selection of days will be according to the following 
criteria; 
Any day selected must have ≥ 10 hours of activity.      
• For the gait analyses: 
o Day 1 = 3rd day of collection (randomly selected) or if this is a 
weekend-day, the next non-weekend day 
o Day 2 = the next eligible non-weekend day following Day 1 
o Day 3 = then the next non-weekend day following Day 2 
• For the pedaling analyses only 2 days will be used due to the limited 
number of days with pedaling in the majority of pedaling participants’ 
data: 
o Day 1 = 2nd day of collection or, if this is a weekend day, the next 
non-weekend day 
 
o Day 2 = the next eligible non-weekend day following Day 1 
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If the Day selection processes extend beyond the final day of a particular 
participant’s data collection, the selection of subsequent Days will cycle back to 
day 1 of collection, following the above criteria. If a dataset has more than the 
minimum required 5 days of data, Day selection criteria/processes will extend 
beyond that fifth day on the same next non-weekend-day basis until the last 
available day before cycling back to day 1 of collection. 
Possibilities for Aim 1 Day selection (3 Days) with the minimum 5 days of data 
are presented in the table below.  
Study 2 Day selection process 
 
 
 
 
 
 
 
 
 
 
 
Initial day 
of data 
collection 
2nd day of 
data 
collection 
3rd day of 
data 
collection 
4th day of 
data 
collection 
5th day of 
data 
collection 
Monday Tuesday 
Wednesday 
Day 1 
Thursday 
Day2 
Friday 
Day 3 
Tuesday 
Day 3 
Wednesday 
Thursday 
Day 1 
Friday 
Day2 
Saturday 
Wednesday 
Day2 
Thursday 
Day 3 
Friday 
Day 1 
Saturday Sunday 
Thursday 
Day2 
Friday 
Day 3 
Saturday Sunday 
Monday 
Day 1 
Friday 
Day3 
Saturday Sunday 
Monday 
Day 1 
Tuesday 
Day2  
Saturday Sunday 
Monday 
Day1 
Tuesday 
Day2 
Wednesday 
Day 3 
Sunday 
Monday 
 
Tuesday 
Day 1 
Wednesday 
Day2 
Thursday 
Day 3 
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